Abstract. Solids that can be prepared only as microcrystalline powders are not suitable for structural investigation using single crystal diffraction techniques, and it is necessary instead to carry out structure determination using powder diffraction data. In this paper, we focus on a directspace strategy for solving crystal structures directly from powder diffraction data in which a hypersurface based on the powder profile R-factor R wp is searched using a Genetic Algorithm, and we highlight some recent fundamental developments relating to this methodology.
Introduction
Although single crystal X-ray diffraction is the most powerful and the most routinely applied technique for determining crystal structures, this technique is limited by the requirement to prepare a crystal of sufficient size, quality and stability. When appropriate single crystals cannot be obtained, it is necessary instead to tackle structure determination using powder diffraction data [1] [2] [3] [4] [5] [6] . In this regard, we are currently focusing on the development, implementation and optimization of new techniques for structure solution from powder diffraction data, based on a direct-space strategy [7] in which a hypersurface defined by the powder profile R-factor (R wp ) is searched using Monte Carlo [7] or Genetic Algorithm [8] [9] [10] (GA) techniques.
In the direct-space strategy for structure solution, trial structures are generated in direct space, independently of the experimental powder diffraction data, and the suitability of each trial structure is assessed by comparing the powder diffraction pattern calculated for the trial structure and the experimental powder diffraction pattern. This comparison is quantified using an appropriate Rfactor, and in our work we use the weighted powder profile R-factor R wp (as normally used in Rietveld refinement). As R wp considers the whole digitized intensity profile directly "as measured", rather than the integrated intensities of individual diffraction maxima, peak overlap in the powder diffraction pattern (which leads to intrinsic difficulties in the traditional approach for structure solution) is taken implicitly into consideration.
The process of direct-space structure solution is equivalent to exploring a hypersurface R wp ( ) to find the global minimum (i.e. the correct structure solution), where represents the set of variables (see below) that define the structure in direct space. In principle, any technique for global optimization may be used, and much success has been achieved using Monte Carlo [7, 12] , Simulated Annealing [13] [14] [15] and Genetic Algorithm [8] [9] [10] [16] [17] [18] [19] [20] [21] [22] [23] techniques in this field.
In this paper, we describe recent progress in fundamental aspects of our GA technique for structure solution from powder diffraction data.
Overview of the Genetic Algorithm Technique for Powder Structure Solution
In our Genetic Algorithm (GA) technique for powder structure solution [8] [9] [10] 16, [18] [19] [20] [21] [22] [23] , a population of trial crystal structures is allowed to evolve subject to the rules and operations that govern evolution in biological systems. For the case with one molecule in the asymmetric unit, each structure is specified by the position {x, y, z} and orientation { , , } of the molecule in the unit cell, and the molecular geometry is specified by a set of variable torsion angles { 1 , 2 , ..., n }. In general, the bond lengths and bond angles are fixed, either at standard values for the type of molecule under study or from the known geometry of a similar molecule. In general, the constraints on these aspects of molecular geometry are relaxed subsequently at the Rietveld refinement stage.
Our GA technique for structure solution is implemented in the program EAGER [24] , and involves the evolution of a population of trial structures. Each member of the population is defined by the set of variables = {x, y, z, , , , 1 , 2 , ..., n }, which represents its "genetic code". The quality ("fitness") of each structure depends on its value of R wp (lower R wp represents higher fitness), and it is advantageous to define fitness as an appropriate decreasing function of R wp . The initial population comprises N p randomly generated structures. The population is allowed to evolve through subsequent generations by applying the evolutionary operations of mating, mutation and natural selection.
In a recent implementation [18] , each new structure generated by mating or mutation during the GA calculation is subjected to local minimization of R wp with respect to the structural variables in the set , and only these minimized structures are used subsequently in the GA calculation. Introduction of local minimization in this way has been found to improve the efficiency of finding the correct structure solution, as well as the reliability and reproducibility with which the correct structure solution is obtained (for example, in repeated runs from different random initial populations). These advantages may be attributed to a favourable combination of stochastic (i.e. the GA) and deterministic (i.e. the minimization) components within the global optimization strategy.
Recent Fundamental Developments
Analysis of the Evolutionary History in GA Structure Solution Calculations. We have recently developed [23] a general strategy for analysis of the evolutionary events that occur during a GA structure solution calculation, which have led to considerably more detailed insights into the evolutionary behaviour than was previously accessible. Hitherto, analysis of the performance of a GA structure solution calculation has been based on considering the Evolutionary Progress Plot (EPP), which shows the average (R ave ), lowest (R min ) and highest (R max ) values of R wp in the population as a function of generation number in the GA calculation. A typical EPP for structure solution of the -phase of L-glutamic acid is shown in Fig. 1(a) . The EPP clearly shows systematic decreases in R ave and R min as the calculation progresses, and from such plots it is possible to speculate on several aspects of the performance of the GA calculation. However, the EPP only provides averaged information on the progress of the GA calculation and cannot provide any information on which specific evolutionary events lead to improvements in the quality of the population. To gain considerably more insight into the factors that lead to evolutionary progress, we have introduced two further means of analysing the evolutionary history in GA calculations -the evolutionary distribution plot (EDP) and the evolutionary trajectory plot (ETP).
The EDP displays the set of R wp values for all members of the population in each generation, and distinguishes those members of the population that (a) were produced from mating events, (b) were produced from mutation events, or (c) were passed unchanged from the previous generation. A typical EDP for structure solution of the -phase of L-glutamic acid is shown in Fig. 1(b) . This plot shows, inter alia, that a wide distribution of R wp values are represented throughout the evolution, Figure 1 . Analysis of a GA structure solution calculation for the -phase of L-glutamic acid carried out using the Lamarckian implementation of the GA method: (a) evolutionary progress plot (EPP), (b) evolutionary distribution plot (EDP), and (c) evolutionary trajectory plot (ETP). The following schemes have been used. EPP: solid line R min ; dotted line R max ; dashed line R ave . EDP: squares structures produced by mating events; triangles -structures produced by mutation events; circles structures passing unchanged from the previous generation. ETP: squares structures involved in mating events; diamonds structures involved in mutation events; circles structures passing unchanged into the next generation.
indicating that the population does not converge rapidly on a particular minimum on the R wp ( ) hypersurface (representing stagnation of the population, which is clearly undesirable). Nevertheless, it is clear that the population has a distinctly bi-modal distribution, with mutant structures usually having considerably higher values of R wp than the other members of the population (for which the R wp values show a general decrease with generation number).
The ETP for the same GA calculation on the -phase of L-glutamic acid is shown in Fig.  1 (c). The ETP traces the ancestry of the correct structure solution (or any selected structure in the final population), to provide a graphical representation of the sequence of evolutionary events that led to the production of this structure. The nodes in the ETP represent the structures in a given population that participate in events that lead subsequently to the correct structure solution. A line between nodes indicates that the structures (in adjacent generations) are connected by an evolutionary event. Analysis of the ETP shown in Fig. 1(c) provides a detailed understanding of the evolutionary events that lead to the correct structure solution. As an illustration, Fig. 1(c) shows that a number of the important events in the evolution towards the correct structure solution involve mating between a mutant structure and an existing member of the population. The ability of such events to produce improved members of the population arises from the fact that new genetic material is introduced into the mutant structure (which itself may have comparatively high R wp ), and is then propagated within the population via the mating event, to produce an offspring which typically has low R wp . Recognizing the importance of such coupling between mutation and mating events, we have adopted a strategy of ensuring that all mutant structures survive for at least one generation after their creation, with a high probability (by imposing an artificially high fitness value) that they will be selected as parents in mating events. Several other insights into the crucial steps in the evolutionary pathway towards the correct structure solution may be established from analysis of the ETP, and may be exploited in the development of improved and optimized implementations of the GA strategy for structure solution.
An Evolutionary Model Based on Sub-Populations. At present, our GA method for structure solution considers the evolution of a single population of trial crystal structures. Sometimes, for a single calculation of this type, the GA calculation can converge on a non-optimal trial structure (representing stagnation of the population), rather than the correct structure solution. This problem, which is encountered using any stochastic method for global optimization carried out over a finite number of steps, may be overcome by repeating the calculation several times from different random initial populations. In our GA technique, the global optimum structure solution is usually obtained in many of these repeated runs. In effect, this approach represents a set of independent GA calculations starting from independent initial populations. An alternative strategy, which we have recently implemented [25] , considers the parallel evolution of sub-populations in the GA calculation, with periodic mixing of genetic material between the sub-populations. Thus, the structure solution calculation begins from a set of randomly generated sub-populations, which are allowed to evolve independently of each other. After each sub-population has evolved for a certain number of generations, genetic material is swapped between the different sub-populations (representing "mixing" or "inter-breeding"). Clearly several different strategies may be adopted for the mixing procedure, and in the implementation discussed below, the mixing involves swapping complete structures between the sub-populations. The sub-populations then evolve independently for a certain number of generations, after which the mixing procedure is carried out again. This procedure is repeated until the correct structure solution is obtained in one (or more) of the sub-populations.
In principle, this evolutionary approach is more efficient than running a series of completely independent calculations from different initial populations, as the level of "interaction" between the sub-populations may be carefully controlled and optimized. Furthermore, the overall evolutionary process is not significantly retarded by stagnation within any individual sub-population, as one of the functions of the mixing procedure is to re-introduce diversity into such sub-populations.
We now describe the initial implementation of our GA procedure for structure solution based on the evolution of sub-populations, and illustrate the advantages of this strategy. We consider N sub sub-populations, each comprising N p trial structures, and with the sub-populations allowed to evolve independently for N indep generations between mixing operations. In the present work, N indep was kept fixed throughout the evolution. In the mixing procedure employed here, all N sub × N p structures from the different sub-populations prior to mixing were grouped together and then distributed at random among the new set of sub-populations. This procedure has the following features: (i) each of the sub-populations following mixing should have a similar distribution of R wp values, and (ii) a given sub-population following mixing is not directly related to any particular subpopulation that existed prior to mixing (except insofar as each sub-population after mixing derives, on average, a fraction 1/N sub of its members from a given sub-population before mixing). This procedure represents only one of many different strategies that we are currently exploring for carrying out the mixing operation, and the relative advantages and disadvantages of the different strategies will be discussed in due course. The procedures for mating, mutation and natural selection were identical to those implemented in our conventional GA method discussed in Section 2.
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We illustrate the application of this strategy for structure solution of the peptide Piv-L Pro--Abu-NHMe, using N p = 30, N sub = 4, and N indep = 5. The structure of Piv-L Pro--Abu-NHMe was determined previously from powder diffraction data [22] , and is orthorhombic (a = 16.94 Å, b = 10.72 Å, c = 9.15 Å) with space group P2 1 2 1 2 1 . With one molecule in the asymmetric unit, and seven variable torsion angles in the molecule, the direct-space structure solution problem is defined by 13 variables: {x, y, z, , , , 1 , ..., 7 }. The results of the structure solution calculation involving the evolution of sub-populations are compared to a set of conventional GA calculations starting from the same set of initial populations. Thus, we compare (A) the GA calculation involving the evolution of four sub-populations with periodic mixing, and (B) four independent GA calculations carried out using the conventional procedure (i.e. with no mixing) for the same set of four initial populations. As shown in Fig. 2(a) , in structure solution calculation (A), all four sub-populations converge on the correct structure solution (corresponding to R wp = 10.34 %) by 25 generations. In contrast (see Fig. 2(b) ), for calculation (B), in which the same initial populations are allowed to evolve independently but with no mixing, the correct structure solution is obtained within 40 generations in only one case, and it is probable that stagnation has occurred in two of the other three cases. It is clear that the introduction of mixing between the sub-population, as in calculation (A), has a beneficial effect on the evolution towards the correct structure solution. As a further comparison, we also carried out a single conventional GA calculation (calculation (C)) with a larger population, for which the initial population comprised all N sub × N p = 120 structures from the initial sub-populations in calculation (A). As shown in Fig. 2(c) , however, this calculation did not yet reach the correct structure solution after 40 generations. We emphasize that calculations (A), (B) and (C) all comprised the same initial set of genetic information, as they started from the same set of 120 initial structures, and were run over the same number of generations involving the production of the same number of new structures per generation (by mating and mutation) in each case. These results provide a clear demonstration of the advantages of carrying out the GA calculation by the independent evolution of sub-populations with periodic mixing operations.
New Aspects of Combining Energy Information with Powder Diffraction Data in Structure
Solution. In addition to structure determination from powder diffraction data, another area of considerable current interest is the computational prediction of crystal structures based on energy simulation techniques [26] [27] [28] [29] [30] [31] . In such work, the potential energy E( ) is computed as a function of the set of variables that define the structure (in practice, the unit cell and space group may also be included as variables in such calculations), and the E( ) hypersurface is searched to find the structure of minimum energy. As proposed previously [10] , there is considerable scope to exploit the fact that E( ) hypersurfaces (as used in energy simulations) and R( ) hypersurfaces (as used in direct-space techniques for structure solution from powder diffraction data) are based on the same variable-space , by defining a new hybrid hypersurface G( ) which blends E( ) and R( ) together in an appropriate functional form. Clearly the use of the G( ) hypersurface in structure solution calculations may have significant advantages over the use of R( ) alone. We have proposed [19] a specific definition of a hybrid hypersurface G( ) based on combining desirable characteristics from both the E( ) and R wp ( ) hypersurfaces. Our hybrid function G( ) is designed to behave as energy when the value of energy is high and to give increasing importance (ultimately absolute importance) to R-factor as lower values of energy are approached. This behaviour is achieved by means of a sliding weighting parameter w( ), which is defined to be an appropriate function of energy. [19] allows energy and R-factor to be combined in a straightforward and rational manner. We use the term "guiding function" to refer to figures-of-merit, such as G( ), in which one property (here energy) is used to guide another property (here R-factor) towards its optimal value. In the present context, G( ) is designed such that E( ) guides the calculation towards regions of variable-space that correspond to energetically plausible structures, with R wp ( ) becoming progressively more important as the criterion for discriminating the correct structure solution as E( ) becomes lower.
We now compare the use of G( ) versus R wp ( ) in the context of actual structure solution caculations, using structure solution of formylurea as an illustrative example. The structure of formylurea (H 2 N.CO.NH.CO.H) was determined previously from powder diffraction data [32] , and is orthorhombic (a = 16.82 Å, b = 6.06 Å, c = 3.67 Å) with space group Pn2 1 a. With one molecule in the asymmetric unit, and two variable torsion angles in the molecule, the direct-space structure solution problem is defined by 8 variables: {x, y, z, , , , 1 , 2 }. In one structure solution calculation, R wp ( ) was used as the figure-of-merit, and in another calculation, G( ) [with w( ) = 1 -exp[E N ( ) -1]] was used. Both calculations started from the same initial population of 100 structures (randomly generated), and in each calculation 100 offspring and 20 mutants were produced in each generation using identical procedures for mating and mutation in each case. Thus, the only difference between the two calculations concerns the figure-of-merit used. Fig. 3 shows Evolutionary Progress Plots (EPPs) for each calculation, in which the value of R wp for the best structure in the population is plotted as a function of generation number. For the calculation using G( ), the plot shows the value of R wp for the structure with the lowest value of G in each generation. By 600 generations, both calculations have converged to an R wp value of ca. 36.5 %, representing in both cases the correct structure solution. However, more detailed consideration of the EPPs reveals significant differences in the evolutionary behaviour for the calculations using G and R wp . The most striking feature of Figure 3 is that the use of G encourages the formation of better structures after a smaller number of generations, and after about 30 generations, the value of R wp for the best structure in the calculation using G is significantly lower than that for the best structure in the calculation using R wp . We note that in the very early generations, the value of R wp for the best structure in the calculation using G is substantially higher than that in the calculation using R wp , reflecting the fact that, at the beginning of the calculation, the population is dominated by structures for which the value of G, and not necessarily R wp , is good. However, once the advantages of the guiding concept have come into play, structures corresponding to low values of R wp are sampled significantly earlier in the calculation using G than in the calculation using R wp . These features are reflected by the fact that R wp drops from about 62 % to 39 % within the first 30 generations in the calculation using G, whereas in the
20
European Powder Diffraction EPDIC 8 calculation using R wp , the decrease in R wp in the corresponding number of generations is from about 48 % to 41 %. As discussed above, the guiding function G( ) is designed such that the evolution is rapidly moved away from regions of variable-space that correspond to high-energy structures, towards minima on the G( ) hypersurface, which arise when both energy and R-factor are low. In the calculation using G, the substantial drop in R wp discussed above reflects the evolution being effectively guided into minima for which both R wp and energy are low, with the subsequent smaller changes in R wp being produced by small structural variations as the calculation approaches the bottom of the global minimum on the R wp hypersurface. On the other hand, the calculation using only R wp does not possess the inherent advantages of this guiding behaviour, and the evolution towards the global minimum is evidently slower. As with all global optimization techniques, there remains the possibility that a given run of the structure solution calculation may locate a local minimum, rather than the global minimum. However, the use of the hybrid figure-of-merit reduces this possibility, since it effectively reduces the search to those regions of variable-space for which both energy and R-factor are minima of significant depth.
Concluding Remarks
Techniques of the type discussed in this article for structure determination from powder diffraction data clearly have much to offer in expanding our understanding of structural properties of materials for which it is difficult or impossible to prepare single crystals appropriate for single crystal X-ray diffraction experiments. Nevertheless, techniques for structure determination from powder diffraction are still at a relatively early stage of their development, and considerable scope still remains for further improvements and optimization of these techniques. In this regard, we are currently exploring fundamental aspects of the GA technique in order to further optimize the procedures for searching R wp ( ) hypersurfaces, as well as developing new definitions of the hypersurface (for example, as discussed in Section 3.3) in order to allow global optimization to be achieved more effectively and efficiently.
